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Aggregation and Remuneration of Electricity
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Abstract—The use of distributed generation and
demand-response (DR) programs is needed for improving
business models, namely concerning the remuneration of
these resources in the context of smart grids. In this paper,
a methodology is proposed in which a virtual power player
aggregates several small-sized resources, including con-
sumers participating in DR programs. The global operation
costs resulting from the resource scheduling are mini-
mized. After scheduling the resources in several operation
scenarios, clustering tools are applied in order to obtain
distinct resources’ groups. The remuneration structure
that better fits the aggregator goals is then determined.
Two clustering algorithms are compared: 1) hierarchical;
and 2) fuzzy c-means clustering. The remuneration of small
resources and consumers that are aggregated is made
considering the maximum tariff in each group. The imple-
mented case study considers 2592 operation scenarios
based on a real Portuguese distribution network with 548
distributed generators and 20 310 consumers.
Index Terms—Clustering, demand response (DR) pro-
grams, distributed generation (DG), smart grids.
NOMENCLATURE
Variables
CIncreaseRTP Electricity cost increase in the real-time
pricing (RTP) program.
OC Total operation costs.
P addSupplier Scheduled power in an additional supplier.
PDG Scheduled power in a distributed generation
(DG) unit.
PIDR Scheduled power reduction in an
incentive-based demand response (IDR).
PNSP Nonsupplied power.
PReductRTP Consumption reduction in the RTP program.
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P regSupplier Scheduled power in a regular supplier.
J Fuzzy C-means objective function value.
μ Membership grade.
x Centroid of the cluster.
v Object value.
Parameters
αDG Maximum allowed DG contribution.
αIDR Maximum allowed IDR contribution.
αRTP Minimum aimed RTP contribution.
ε Price elasticity of demand.
CaddSupplier Additional supplier cost.
CDG DG cost.
CIDR Demand response (DR) cost.
CIncrease MaxRTP Maximum cost increase in an RTP resource.
CInitialRTP Initial electricity cost for RTP resources.
CNSP Nonsupplied power cost.
CregSupplier Regular supplier cost.
P add MaxSupplier Maximum power from additional suppliers.
P add TotalSupplier Maximum allowed power for the total of the
additional suppliers.
P InitialLoad Initial consumption in the consumers’
resources.
PMaxDG Maximum power schedule in a DG resource.
PMaxIDR Maximum power schedule in an IDR resource.
PMaxRTPDR Maximum allowed total power schedule in a
consumer participating in both IDR and RTP.
PMinDG Minimum power schedule in a DG resource.
PReduct MaxRTP Maximum power schedule in a RTP resource.
P reg MaxSupplier Maximum power from a regular supplier.
P reg TotalSupplier Maximum allowed total power from all the
regular suppliers.
PTotal MaxDG Maximum allowed total power from all DG
units.
Indexes
C Maximum number of consumers c.
D Distances matrix.
G Group.
I Maximum number of objects i.
K Total number of groups.
m Weight of fuzziness.
n Number of levels in the decision tree.
P Maximum number of producers p.
S Maximum number of suppliers s.
T Maximum number of clusters t.
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I. INTRODUCTION
T HE CONCEPT of DR has been intensively discussed. Itcan be defined as the modification of electricity consump-
tion patterns by end-use customers, responding to variations in
the electricity prices or to any other signals related to technical
or market operation issues [1], [2]. Using DR and DG, at the
level of distribution networks, is a key element for an efficient
smart grid (SG) [3], [4]. Most of the currently implemented
DR programs are oriented for large-sized resources [5], [6].
Although these are helpful for large generators, the potential of
small-size resources is largely unexplored. Curtailment service
providers (CSPs) [7] are currently used to partially overcome
this barrier, but more flexible aggregation models are required
[2], [6]–[8]. Virtual power players (VPPs), aggregating small-
sized DG and DR resources, can enable a wide spread of these
resources’ participation, making it profitable through market-
driven approaches. The present work aims at providing VPPs
with tools for resources scheduling and aggregation, bearing in
mind the minimization of operation costs and the fair remunera-
tion of the resources. The proposed method considers the actual
value of the resources for each specific scenario and the relevant
technical constraints.
According to the VPP operation context, some of the man-
aged resources can be scheduled in order to support the partic-
ipation of the VPP (and its aggregated resources) in the elec-
tricity markets. In this way, e.g., in the case of DR programs,
the consumption reduction can be used to meet the demand’s
needs inside the network and also for the participation in the
electricity market.
The fact is that, once an aggregator participates in a DR event
announced by an independent system operator (ISO) or market
operator, the remuneration that has to be made to each aggre-
gated small-sized resource must be determined according to
the actual contribution of each one [9]. This is an important
issue as a background motivation for the work in this paper.
Several remuneration approaches have been proposed in the
current literature, namely the proportionality method, the equal
percentage method, and the factor G method [10], [11]. These
methods assume that each resource is remunerated individu-
ally and that there is enough available information about each
resource objectives and motivations, which is not always pos-
sible. This is especially important in the case of DR resources,
mostly due to their consumption predictability.
Another issue for the VPP share of revenues, resulting from
the participation in a DR event, is the definition of resources’
groups. The resources that constitute a group are scheduled and
remunerated by the same rules. In this way, the determination of
groups of consumers (DR resources) and/or DG resources with
similar characteristics can be performed using clustering tools
[12], [13]. Several groups (clusters) of resources can be defined
using such tools, aiming the capture of common characteristics
that better define the resources in a specific context [14], [15].
Decision support regarding the DR and DG remuneration for
their participation in DR programs is required [16]. In this con-
text, the proposed methodology has been developed in order to
address the remuneration of the aggregated resources (small-
sized DG and DR), performed by a VPP. The VPP operates a
distribution network and schedules the available DG and DR
resources, both for regular operation and for the participation
in DR programs announced by the ISO. Resources’ scheduling
considering DR consumers with onsite generators, load curtail-
ment, load shifting, and energy storage is addressed in [17].
Although the aggregation is not made in practice, the authors
consider it of most importance to the success of DR resources’
implementation. The remuneration of the consumers is per-
formed considering the revenues of the energy sold in energy
markets by a DR aggregator. In [18], the usage of clustering
algorithms is directed to the clustering of consumers, namely
residential. The paper considers a Belgium case study, and
reflects the consumption reduction at residential level consider-
ing an expected maximization. This, according to the authors,
allows a better clustering due to its ability of easy membership
relaxation, smoothing effect, and a uniform distribution of the
many resources by the number of groups specified. Also, the
paper mentions the technical issues in using different types of
clustering algorithms making some comments about the ones
used in this paper. In [19], the scheduling is made taking into
consideration the use of electrical vehicles and DG, knowing
that they are managed by an aggregator. This aggregator pro-
vides the interaction of these resources with the system operator
and, consequently, the energy markets. In [20], the aggregator
is also considered a VPP and it performs the aggregation of
consumers considering their load profiles. The focus is given
to the formation of a virtual power plant and respective use
for market and grid balancing. The final billing is performed
individually for each consumer. Reference [21] shows how
clustering algorithms (K-means and hierarchical) can be used
to model consumers taking into account their load shapes and
consumption patterns, showing results for 220.000 residential
consumers.
The methodology in this paper provides results concerning
several number of energy resource clusters according to the
defined scenarios, giving support to the VPP in the decision of
the most advantageous number of groups, according to the limi-
tations that a VPP can have on the number of DR programs to be
implemented (each resource cluster corresponds to a DR pro-
gram). In this way, several tariff groups (each group has a price
for the energy provided by its resources) are defined according
to the actual energy scheduled for each resource in each opera-
tion scenario. Several tariff groups can be defined, as well as the
respective remuneration tariff, in distinct operation scenarios.
After Section I, Section II explains the proposed methodol-
ogy, including a detailed explanation of its contributions. Then,
Section III presents the resource scheduling formulation. The
case study is in Section IV and Section V includes the obtained
results. Finally, Section VI presents the main conclusion of the
work.
II. PROPOSED PROGRAMS’ DEFINITION METHODOLOGY
The methodology proposed in this paper was developed in
order to support the decisions of a VPP in what concerns the use
of DG and DR resources and the remuneration of each aggre-
gated resource by this VPP. The diagram presented in Fig. 1
illustrates how the proposed methodology is schematized. As it
can be seen, the VPP manages the available resources, namely
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Fig. 1. Diagram of the proposed methodology.
DG units, DR consumers, and the Suppliers (to which the
VPP is able to buy electricity outside of the network). In
the case of DR programs, one can usually have two types:
1) incentive-based; and 2) price-based DR programs.
In the proposed methodology, we have an IDR, in which
the consumers are remunerated at a fixed price per provided
kW of consumption reduction. We also have a price-based
program (RTP), in which the consumers change their load
according to the actual price signals while they are modeled
by the price elasticity of demand [22], [24]. Given the VPP
operation context and the available resources, it is possible to
define three phases of implementation for the proposed method-
ology, accordingly with Fig. 1. In the first phase, the optimal
scheduling of the resources is performed taking into account
their prices and operation constraints, and also the operational
constraints imposed by the VPP in order to reach its goals. In
other words, the input data are used in the scheduling algo-
rithm so that constraints and resources’ characteristics are taken
into account. In this context, the VPP defines three α parame-
ters, concerning DG, IDR, and RTP. This parameter limits the
contribution of the associated resources type to the resulting
resource scheduling, allowing the VPP to choose the percentage
of total energy delivered obtained from each type of resource.
The detailed explanation of the energy resource scheduling,
which aims at minimizing the VPP operation costs, is pre-
sented in Section III. In this first phase, it is also defined several
operation scenarios that are intended to cover the resources’
availability possibilities in order to support the VPP decisions
in these scenarios. In the second phase, according to the number
of tariff groups (DR and DG units programs) specified by the
VPP, several consumers and DG units clusters are computed.
Only the resources scheduled in the optimization with nonzero
power are considered. Each type of distributed resource (DG,
IDR, and RTP) is associated with a certain cluster concerning
its characteristics and the attributes of the other resources in the
cluster.
The definition of the attributes of each resource to be con-
sidered by the clustering algorithm is therefore of most impor-
tance. The attributes considered are the regular and additional
supplier cost, DG cost, regular and additional supplier, and DG
maximum capacity, initial load, all α parameters and finally,
maximum reduction for IDR. For IDR and RTP consumers, the
attributes considered are the IDR cost, maximum cost increase
for RTP consumers, initial energy price for consumer, ini-
tial load, all α parameters, and maximum reduction for IDR
and RTP.
The resource characteristics to be given as input attribute to
the algorithm must be chosen having in mind that some char-
acteristics lead directly to the usual grouping according to the
resource type [photovoltaics (PV), wind, or hydro generation,
and domestic, commercial, or industrial consumer, including
the respective elasticity]. This should be avoided since the
proposed methodology aims at defining the remuneration for
each resource and, in fact, resources of the same type can put
different value in the aggregation to a VPP.
The clusters computation is based on two methods: one using
a hierarchical algorithm and the other a partition algorithm sim-
ilar to K-means, the fuzzy C-means method. The hierarchical
clustering is made by using the cluster function of MATLAB.
First, the Euclidean distance between pairs of objects (resources
in this case) and variables (each attribute of the resources char-
acterization, as the case of prices, resource capacity in each
scenario, etc.) is computed. Then, the linkage of the obtained
data is performed, obtaining a matrix that encodes a tree of
hierarchical clusters
D(C, C ′) = min
x∈C, y∈C′
d(x, y). (1)
Lastly, by applying the cluster function, which basically
applies (1) [13], several clusters are obtained from the agglom-
erative hierarchical cluster tree, as generated by the linkage
function. Using the cluster function, it is possible to specify
a minimum and maximum number of clusters to be computed.
The results include, in this case, the resources in each cluster,
in each case of number of defined clusters. The fuzzy C-means
algorithm was also implemented using a MATLAB function,
namely fcm (fuzzy C-means clustering).
This algorithm is much simpler than the previous one since
it only needs an input data matrix and the desired number of
groups. This method assigns different membership values to
each one of the resources according to their relationship with
the needed groups. The higher the membership grade is, the
most likely is the resource to be assigned to the specified group.
The function returns the values of the centroid of each group
and the membership matrix containing each resource similarity
with all of the groups. The fuzzy C-means objective function is
defined by the following expression:
J =
T∑
t=1
I∑
i=1
μmit d
2
it, d
2
it = ‖xt− vi‖2. (2)
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Fig. 2. Power levels using the classregtree function.
In the third phase of the proposed methodology, the evalu-
ation of the economic impact of the resources’ remuneration
is performed based on the computed resource clusters and on
the type of resource, for each cluster’s scenarios. For each clus-
ter’s scenario, the remuneration of each resource is calculated.
All the resources belonging to a certain cluster are remunerated
at the higher price that has been established for any resource
of that cluster, as determined in the second phase. In this way,
the VPP is able to improve the resources’ remuneration effec-
tiveness inducing its participation in DR programs and in the
resource scheduling, including DG.
This third phase also considers the establishment of deci-
sion trees. In this way, in the presence of a certain operation
scenario, the VPP is able to determine the resources’ levels
to be scheduled without the need of having the computational
tools required for performing the resource’s scheduling. These
decision trees have been implemented using the classregtree
function of MATLAB. The function, in this context, intends
to provide the VPP with the definition of power levels that
can be used to quickly identify the assigned group for new
resources. The following Fig. 2 exemplifies, in a generic way,
the possibilities of this tool in the resources’ aggregation.
Having a set of operation scenarios, e.g., for DG, the total
amount of scheduled power is computed. Several scenario
characteristics—average regular supplier cost; DG cost (CDG);
total initial demand in the scenario; maximum available IDR;
maximum available RTP; α DG; α IDR; α RTP—are also
inputs to the trees’ computation. According to the maximum
scheduled power in a scenario, the VPP defines the number of
levels to be implemented in the decision tree and the respective
label. As an example, in the case study of this paper, the labels
(0, 15 000, 18 000, 22 000, 25 000) have been defined as the
average total power in each level.
The proposed methodology is therefore able to provide the
VPP with adequate tools for the decision support, in what con-
cerns the establishment of DG and DR programs’ tariffs. This
methodology is innovative, considering the work presented in
[23], as follows.
1) Definition of the remuneration of distributed DR and DG
resources by a VPP that operates the resources aiming the
participation in DR programs, namely in what concerns
the share of profits obtained in the participation in a DR
program announced by an ISO.
2) Implementation of an energy resource scheduling
optimization model that considers the resources’
characteristics and the modeling of VPP operational
constraints. Several constraints have been added to work
in [23] for a better modeling of the VPP activity.
3) Definition of DG and DR resources’ groups (which are
usually defined according to the types of consumers and
types of DG), considering other resources’ characteris-
tics, using two clustering algorithms. In [23], only one
algorithm was considered.
4) Definition of different remuneration tariff groups accord-
ing to the desired number of tariffs/programs to be imple-
mented, considering a large set of operating scenarios.
The larger dimension of the case study and the higher
number of variables in the optimization problem lead to a
largely increased number of scenarios than in [23].
5) Establishment of decision rules (decision trees) concern-
ing the use of each type of resource in an operation
scenario distinct from the previously studied ones, with-
out the need of performing a new resource scheduling;
this feature is not included in [23], so this is a main
improvement contribution.
III. DG AND DR RESOURCES’ SCHEDULING
The optimal scheduling of the energy resources is one of the
main contributions of the paper, as well as an important part
of the proposed methodology. This section presents the mathe-
matical formulation of the optimization problem that solves the
energy resources’ scheduling.
The objective function of the optimization problem is as pre-
sented in (3). It models the minimization of the operation costs
from the point of view of the VPP, by scheduling the cheaper
resources in each operation context, taking into account the
optimization constraints modeled by the (4)–(19).
In the proposed methodology, the VPP is able to manage all
the available resources, as the case of the DG, the suppliers
(available to supply power from the main network, considering
regular and additional quantities contracted at distinct prices)
and the consumers (participating in both IDR and RTP pro-
grams). It is important to note that the RTP part of the objective
function considers the multiplication of two variables. In this
way, the optimization problem becomes a nonlinear one. In the
optimization problem, according to objective function (3), the
DG, the suppliers, and the IDR resources are remunerated (paid
by the VPP) according to the actual scheduled power. In the
case of RTP, the consumers pay the actual (initial plus the price
increase) price for the resulting (initial minus the reduction
resulting from the response to the price signal) consumption
Min OC =
P∑
p=1
PDG(p) × CDG(p) + PNSP × CNSP
+
S∑
s=1
[
P regSupplier(s) × C regSupplier(s)
+P addSupplier(s) × CaddSupplier(s)
]
+
C∑
c=1
[
PIDR(c) × CIDR(c)
−(P InitialLoad(c) − PReductRTP(c))× (C InitialRTP(c) + C IncreaseRTP(c) )
]
.
(3)
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The first constraint is the balance equation (4). The initial
consumption minus the scheduled IDR and RTP consumption
reductions must meet the scheduled power for all the DG units
and suppliers. If it is not possible to supply the demand, it will
result a certain amount of nonsupplied power. In what concerns
the capacity of each resource, it has been modeled the max-
imum energy bought from each of the regular and additional
supplier (5) and (7), respectively, and the total energy bought
from all the regular and the additional suppliers (6) and (8),
respectively,
C∑
c=1
[
P InitialLoad(c) − PIDR(c) − PReductRTP(c)
]
=
P∑
p=1
PDG(p)
+
S∑
s=1
[
P regSupplier(s) + P
add
Supplier(s)
]
+ PNSP (4)
P regSupplier(s) ≤ P reg MaxSupplier(s) (5)
S∑
s=1
P regSupplier(s) ≤ P reg TotalSupplier (6)
P addSupplier(s) ≤ P add MaxSupplier(s) (7)
S∑
s=1
P addSupplier(s) ≤ P add TotalSupplier . (8)
In the case of DG units, the maximum capacity of each DG
unit—in (9), the minimum capacity of each DG unit—in (10),
and the maximum capacity from all the DG units—in (11) have
been modeled
PDG(p) ≤ PMaxDG(p) (9)
PMinDG(p) ≤ PDG(p) (10)
P∑
p=1
PDG(p) ≤ P TotalMaxDG . (11)
Focusing on the consumers’ participation in DR programs,
the modeled constraints consider, for each consumer: the max-
imum consumption reduction capacity in the IDR program—
(12); the maximum consumption reduction capacity in both
the IDR and the RTP programs—(13); the maximum electric-
ity cost increase in the RTP program—(14); and the maximum
consumption reduction capacity in the RTP program—(15).
The price elasticity of the consumption, important in the RTP
program, is modeled as in (16) [24]
PIDR(c) ≤ PMaxIDR(c) (12)
PIDR(c) + P
Reduct
RTP(c) ≤ PMaxRTPDR(c) (13)
C IncreaseRTP(c) ≤ C Increase MaxRTP(c) (14)
PReductRTP(c) ≤ PReduct MaxRTP(c) (15)
ε(c) =
PReductRTP(c) × C InitialRTP(c)
P InitialLoad(c) × C IncreaseRTP(c)
. (16)
As considered by the proposed methodology, the VPP is able
to define several α parameters in order to limit the participa-
tion of the resources in each operation context. In fact, the VPP
may have, for any reason, the need to limit the contribution of
a certain group or program. These parameters are modeled as
presented in (17)–(19), respectively, for DG, IDR, and RTP. In
this way, these three α parameters are limited; the sum of α can
be greater than 1, since the motivation of these parameters is
not to define a share of the resource scheduling
P∑
p=1
PDG(p)
S∑
s=1
[
P regSupplier(s)
+P addSupplier(s)
]
+
P∑
p=1
PDG(p)+
C∑
c=1
[
PIDR(c)
+PReductRTP(c)
]
+PNSP
≤αDG
(17)
C∑
c=1
PIDR(c)
S∑
s=1
[
P regSupplier(s)
+P addSupplier(s)
]
+
P∑
p=1
PDG(p)+
C∑
c=1
[
PIDR(c)
+PReductRTP(c)
]
+PNSP
≤αIDR
(18)
C∑
c=1
PReductRTP(c)
S∑
s=1
[
P regSupplier(s)
+P addSupplier(s)
]
+
P∑
p=1
PDG(p)+
C∑
c=1
[
PIDR(c)
+PReductRTP(c)
]
+PNSP
≥αRTP.
(19)
IV. CASE STUDY
The proposed methodology has been applied to a case study
concerning a real 30-kV distribution network, supplied by one
high voltage substation (60/30 kV) with 90 MVA. A total of
937 buses accommodates 20 310 consumers of several types
and DG (548 DG units) according to [25].
The peak power demand is 62 630 kW. Due to space lim-
itations, in this paper, only the minimum network resources’
data needed to apply the proposed methodology are presented;
further details can be found in [25].
The 20 310 consumers connected to this network are clas-
sified into five consumer types: 1) domestic (DM); 2) small
commerce (SC); 3) medium commerce (MC); 4) large com-
merce (LC); and 5) industrial (ID). Table I presents the infor-
mation of the consumers of each consumer type, concerning the
participation in the two implemented DR programs (IDR and
RTP). It can be seen that large commerce and industrial con-
sumers are not able to participate in the IDR program. Domestic
and small commerce consumers are denied to participate in the
RTP program. The medium commerce can participate in both
the IDR and the RTP programs. Regarding the participation
of the consumers in each one of the proposed DR programs,
a determined maximum power reduction and the respective
remuneration price were initially established for each consumer
type. Table I presents the values of demand reduction costs
in the IDR program and the parameters concerning the RTP
program.
Concerning the power sources’ characterization, we have DG
units of several types, with a total capacity of 25 388 kW, and
energy suppliers that are connected to the network through the
main substation. Table II presents the values of prices (unitary
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TABLE I
CONSUMERS AND DR PROGRAMS
TABLE II
SOURCES CHARACTERIZATION
TABLE III
SCENARIOS SPECIFICATION
operation costs), the total available capacity, and the number
of units for each type of DG technology. The respective values
for the 10 considered suppliers are also presented. The values
in brackets concern the additional supplier capacity (power and
price) considered in the proposed methodology.
Taking the previous information (present in Tables I and
II) into account, several operation scenarios have been imple-
mented. Those scenarios result from the variations applied to
some selected input parameters, like the more relevant and
volatile ones. The input parameters are the regular supplier
and distributed generators cost (CDG), the maximum reduction
allowed for IDR and RTP consumers programs, the total initial
load and, finally, α parameters described before (as shown in
Table III). For each parameter, a minimum, a maximum, and
a step on the actual scenario change have been defined. In the
case of the first five parameters, the presented values are the
percentage change.
In the case of α parameters, the actual parameter values in
each scenario are presented. The total number of the result-
ing scenarios is 2592. The present case study’s characteristics
lead to a large number of results from the optimization of the
energy resources’ scheduling. Considering the variables of the
optimization problem, concerning suppliers, DG, IDR, RTP
(both price and consumption variations), and the nonsupplied
power, each scenario’ results are composed by 61 499 values.
Considering the created scenarios, and the size of each sce-
nario itself, one can conclude that the results of the resource
scheduling phase are structured in a 61 499∗2592 matrix.
Considerable computational means are required in order to
handle such amount of data both in the scheduling phase and
in the aggregation phase, in order to provide VPP with the
required decision support tools.
V. RESULTS
The application of the proposed methodology in its dis-
tinct phases to the case study presented in Section IV brings
a large set of results. The energy resource scheduling opti-
mization has been implemented in TOMLAB. For a more
detailed description of the obtained results, an example sce-
nario, referred as “selected scenario” has been selected. This
scenario is characterized by the following parameters: regu-
lar supplier cost—1; CDG—1.2; total initial load—0.8; IDR
maximum reduction—1.2; RTP maximum reduction—1; α
DG—0.3; α IDR—0.15; α RTP—0.05. The objective function
value obtained is 1056.8 m.u. Section V includes details on
the selected scenario results in Sections V-A and V-B, and the
results concerning all the scenarios in Sections V-C and V-D.
A. Selected Scenario—Resource Schedule
The proposed methodology includes performing an energy
resource scheduling for each implemented scenario, consider-
ing its constraints. Here, the scheduling results for the selected
scenario are presented. The results presented in Fig. 3 concern
the resource scheduling by the type of resource.
The first column shows the contribution of suppliers, DG,
IDR, and RTP; the second column shows, from the DG
resources, the power scheduled in each DG unit type; finally,
the third column focuses on the DR contribution by consumer’s
type. This information includes the total amounts per groups
due to space constraints. However, it is important to note
that each resource (DG unit or consumer) is scheduled indi-
vidually. For better exemplification of the individual resource
schedule, Fig. 4 shows the results concerning the consumers’
participation in the RTP program.
For a better visualization, Fig. 4 only includes the MC con-
sumers. Since all the consumers in this figure have the same
elasticity and the same initial electricity cost, for the same con-
sumption reduction, one will have a distinct price increase level,
taking into account the distinct initial consumption for each
one, according to (16).
It can be seen in Fig. 4 that for all the consumers, the same
consumption reduction has been scheduled. Due to the distinct
initial consumption by each consumer, and as the elasticity is
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Fig. 3. Energy resources’ schedule in the selected scenario.
Fig. 4. Schedule results for medium commerce consumers in RTP.
the same for all consumers, a distinct price increase is applied.
The maximum possible power reduction is also presented.
B. Selected Scenario—Aggregation and Remuneration
It is important to focus on the aggregation and remunera-
tion of each resource, for the selected scenario, according to the
proposed methodology. In Fig. 5(a), one can see the scheduled
power for each DG unit. The specific case of some CHP units,
with a much higher scheduled power value, must be noted as it
influences the clustering process.
In Fig. 5(b), the clustering results for CHP units for dif-
ferent clustering scenarios (total number of K = 2 to K = 6
groups) are presented. One can see that for K = 6, the CHP
units’ distribution between the groups allows several groups
to maintain a certain minimum amount of power due mostly
to the large capacity of CHP units. Fig. 5(c) demonstrates, in
terms of power and number of resources, the distribution of
CHP units among the groups. It is interesting to observe the
way that CHP units are mixed with units of other types in the
clustering process. As referred before, due to space constraints,
only the main important and illustrative details are presented.
Similar to the results presented in Fig. 5, one also obtains the
results concerning the IDR and the RTP resources’ aggrega-
tion. After determining the DG units, the IDR resources, and the
RTP resources’ clusters, one can define the remuneration to be
given to the resource in each specific cluster, and determine the
Fig. 5. CHP units in each cluster and respective scheduling.
(a) Scheduled power for each DG unit. (b) Clustering results for CHP
units for different clustering scenarios. (c) Distribution of CHP units
among the groups.
number of tariff groups to be implemented, taking into account
several implementation constraints.
In the present scenario and case study, the bounds of one and
five clusters to be defined have also been considered for DG,
IDR, and RTP resources’ groups.
In Fig. 6, the consumers’ bill is presented for three different
types of the selected scenario, considering only the variation in
the parameter αIDR: without IDR (αIDR = 0) and with IDR
(αIDR = 15% and 30%). As shown in Fig. 6, without the use
of IDR programs, the consumer’s bill is positive. One can also
see that for αIDR equal to 15% and 30%, only some of the
consumers can reduce their bill and even obtain profit from the
participation in DR events, as for DM and SC consumers. Also,
for αIDR equal to 15%, the medium commerce was used in a
certain amount, being the consumer bill less than in the other
two examples, but still positive.
The results presented in Table IV concerns the DG and DR
programs defined clusters, showing the total remuneration in
each cluster, in monetary units (m.u.), for each case of number
of clusters and for the type of resources’ grouping case. In the
case of DG, since the remuneration price is not the same for all
the clusters in each number of clusters case, the total remunera-
tion in each case (including the type of resource grouping case)
is distinct.
FARIA et al.: AGGREGATION AND REMUNERATION OF ELECTRICITY CONSUMERS AND PRODUCERS 959
Fig. 6. Consumers’ bill obtained from the scheduling.
TABLE IV
TOTAL REMUNERATION IN EACH CLUSTER
One can also see that by increasing the number of clus-
ters, the value of the total remuneration paid by the aggregator
(VPP) becomes lower. In the case of IDR, since in the present
case-study selected scenario, only small commerce and medium
commerce consumers were scheduled, and due to the large
number of consumers in each type, it happened that each cluster
always have at least one medium commerce consumer (that has
higher remuneration price). In this way, the total remuneration
paid by the VPP is the same for any number of clusters case.
As one can see in Table IV, the total remuneration is less
expensive for the VPP when considering the remuneration by
the type of resource. This is acceptable if it does not repre-
sent a high increase in the VPP costs and enables to achieve
the goal of the proposed method (i.e., to reflect in the remu-
neration the importance of the resources in each scenario while
not remunerating any resource at a lower tariff than expected
when only the resource type is considered). According to this,
the tariff for each resulting cluster is never lower than the
one that the members of each cluster would profit from if
the original resource-type-based tariff was applied. Ultimately,
the use of the proposed method causes a slight increase in
the resource remuneration costs supported by the VPP (in this
case, 1427 m.u. versus 1284 m.u., i.e., an increase of 11%) but
enables fairer remuneration of the resources.
Fig. 7. Total remuneration for DG (a) and IDR (b) units.
One can see that for a higher number of groups, the total
remuneration by group tends to decrease. The VPP is then able
to discuss on the number of groups to implement according
to the remuneration and the number of DR programs that is
technically possible to implement.
In the case of RTP clusters, it cannot be analyzed in a sim-
ilar way, since the consumers with RTP are not remunerated
by the reduction. They are compensated by the way they man-
age the consumption according to the electricity actual price.
The implemented case study considers the use of fcm and clus-
ter functions for the aggregation of the resources. Due to space
limitations, this paper focuses on the operation costs obtained
from each one of the clustering algorithms. The results pre-
sented in Fig. 7 allow the comparison of remuneration results
between the cluster and fcm functions used in this paper. In
what concerns the number of resources in each group, it has
been verified that the fcm function makes a more uniform
division of resources.
This means that, while the cluster function schedules the
highest resource in a separate group, the fcm function deals
better with integrating more resources in that group. Obviously,
this has an impact on the operation costs, since all the resources
in a certain group are remunerated at the highest price. In this
context, the resources that are scheduled in the same group (fcm
function results) will all have the same remuneration. This is
more visible in the case of DG, as can be seen in Fig. 7.
In the case of DR, since we have much more resources, such
operation costs’ difference is not visible. In what concerns the
VPP standpoint, focusing on the DG, the fcm function use
implies a higher remuneration of the resources, which is less
advantageous economically. Moreover, the resources are more
accurately separated in groups with the cluster function.
C. All Scenarios—Resource Schedule
Focusing now on the resources scheduling in all the scenar-
ios, it is relevant to compare results concerning the objective
function value. Fig. 8 presents representative objective function
values; each one corresponds to a specific operation scenario).
While Fig. 8(a)–(d) considers the CDG parameter accord-
ing to Table III equal to 1, this parameter is equal to 1.2 in
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Fig. 8. Objective function results.
Fig. 8(e)–(h). Also α RTP, the supplier cost, and the total load
in the scenario are parameters that characterize the shown sce-
narios. The red bars regard supplier’s cost parameter equal to 1,
whereas in the blue ones, this parameter is equal to 0.8. It can
be seen that the increase in the total demand always increases
the total operation costs. The large influence of the supplier cost
on the operation costs can be seen.
In the present case study, it has been developed four decision
trees: one for DG, one for IDR, one for RTP, and a last one for
the simultaneous use of DG & IDR & RTP, as demonstrated in
Section V-D.
D. All Scenarios—Decision Trees
The decision support tools considered in the proposed
methodology also include the use of decision trees, in Fig. 9
for DG. Using this tool, along all the implemented scenarios,
some representative scenario parameters are given as input:
x1—average regular supplier cost;
x2—CDG;
x3—total initial demand in the scenario;
x4—maximum available IDR;
x5—maximum available RTP;
x6— α DG; x7-α IDR; x8-α RTP.
Fig. 9. Decision tree for the use of DG.
Each one of these trees has as output the total amount of
the scheduled power in the respective resource type, concerning
all the implemented scenarios. Given the actual value for each
input variable, it is possible to know the due scheduled power
(presented in the branch terminations) concerning DG units.
The rules presented concern the decision tree using DG & IDR
& RTP. This tree makes possible to provide the VPP simple
representations of the results when the interest is to easily deter-
mine the amount to be bought to the suppliers, which will not
be covered by the rest of resources.
VI. CONCLUSION
The work presented here makes possible to define sev-
eral groups of DG, IDR, and RTP resources, different from
the traditional definition of type of resource, with advantages
for the remuneration of each DG unit owner and consumer
participating in DR.
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The proposed methodology provides tools for a VPP to
attend to technical constrains that limit the number of tariff
groups to be implemented in a specific SG. Currently, the most
used method corresponds to the division of consumers and
distributed generators according to their types.
A clustering approach is used in this paper to define a
fairer tariff group organization that takes into account not only
the resource type but also the importance of each individual
resource participation in the context of a specific scenario.
For this purpose, the method departs from tariffs fixed for
each resource type and uses clustering to catch the individual
resource importance for the envisaged scenario.
The proposed methodology also uses decision trees to allow
the VPP to have a set of rules that, facing an operation scenario,
easily provides a result for the total amount of a resource-type
scheduled in that scenario, avoiding the need of performing a
complex resource scheduling.
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